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Abstract 

Theory purports that animal foraging choices evolve to maximize 
returns, such as net energy intake. Empirical research in both human 
and nonhuman animals reveals that individuals often attend to the 
foraging choices of their competitors while making their own foraging 
choices. Due to the complications of gathering field data or construct- 
ing experiments, however, broad facts relating theoretically optimal 
and empirically realized foraging choices are only now emerging. Here, 
we analyze foraging choices of a cohort of professional day traders 
who must choose between trading the same stock multiple times in 
a row — patch exploitation — or switching to a different stock — patch 
exploration — with potentially higher returns. We measure the differ- 
ence between a trader's resource intake and the competitors' expected 
intake within a short period of time — a difference we call short-term 
comparative returns. We find that traders' choices can be explained by 
foraging heuristics that maximize their daily short-term comparative 
returns. However, we find no one-best relationship between differ- 
ent trading choices and net income intake. This suggests that traders' 
choices can be short-term win oriented and, paradoxically, maybe mal- 
adaptive for absolute market returns. 
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1 Introduction 



Animals face a recurring alternative between continuing to forage in a patch 
or gambling on switching to a different patch with possibly better returns 
(1-3). Optimal foraging theory purports that animal foraging choices have 
been shaped by natural selection and should maximize absolute fitness (4-T). 
Similarly, optimal foraging theory considers that both human and nonhuman 
animals can take into account the foraging choices of their competitors while 
making their own choices (8-18). Thus, interactions among competitors are 
increasingly important to understanding how real foraging choices can be 
shaped as animals compete for resources (19-26). Competitive interactions 
are typically of two types: exploitative competition, when different animals 
consume common limited resources (e.g., two predators hunting the same 
prey) (19-21); and interference competition, when direct interactions such 
as territoriality negatively affect the foraging of other animals (20-22). Yet, 
broad empirical facts on the link between optimal and real foraging choices 
are scarce due to the complication of gathering field data or constructing 
experiments (27). 

Importantly, biological and socio-economic systems share many common 
features in terms of distributed resources and competition, and thus finan- 
cial systems have provided a fruitful and intriguing setting to test biological 
theories of behavior because of their high quality quantifiable and dynamic 
behavioral data (20, 28-32). As far as we know, however, financial traders 
have not been examined from the perspective of foraging. Day traders face 
the classical foraging trade-off of trading the same stock multiple times in 
a row — patch exploitation — or switching to a different stock — patch explo- 
ration. For instance, each trader can trade multiple stocks within a class 
of stocks she has expertise in (e.g., technology stocks, banks stocks, trans- 
portation stocks, etc.) and is faced with the foraging choice of buying and 
selling the same stock multiple times in a row (e.g. buy a stock at a low 
price and vice versa for selling) or switching their trading to a different stock 
where returns are potentially higher (Fig. 1). By analogy to foraging in a 
physical habitat where energy is invested in traveling and hunting, traders 
either exploit the returns related to one stock (i.e., a patch) or explore a 
different patch while potentially experiencing cognitive costs for switching 
between patches (33-36). Moreover, the returns in each patch are shaped by 
exploitative competition, where the foraging choices of other traders, even 
within a short period of time, can increase or decrease the quality and avail- 
ability of resources as they choose to buy or sell their stocks (37). Thus, if 
a trader is willing to buy and the majority of traders are also buying then 
the stock price increases, in turn, the trader's return will be reduced. In 
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this paper we investigated the extent to which professional traders' explo- 
ration and exploitation choices can be explained by foraging heuristics that 
respond to short-term competition with other traders. Additionally, we an- 
alyzed whether traders' trading choices are associated with their net income 
intake. A significant relationship would mean a real correspondence between 
trading choices and absolute returns; whereas a lack of relationship would 
suggest a maladaptive behavior for absolute market returns. 

2 Material and methods 

We studied the second-by-second trading decisions of day traders at a typical 
small-to-medium sized trading firm from January 1, 2007 to December 31, 
2008. We recorded when a trader begins to trade a stock, how much he sub- 
sequently traded the same stock, and when he switched to explore a different 
stock. In our data, traders typically (> 90% of the time) made more than 10 
transactions, and more than 3 switches, per day (Fig. 2). These novel data 
cover more than 300 thousand trades made on approximately 3000 different 
stocks across a very wide range of sectors and on various exchanges, mostly 
from NYSE, the "blue chip" exchange, and NASDAQ, the exchange known 
for high tech and volatile stocks. In particular, the stocks include high tech- 
nology firms, diversified financials, shipping, natural resources, construction, 
chemicals, insurance, steel, etc. The top 5 stocks traded at the firm over 
our time period in terms of number of trades and volume were JP Morgan 
Chase & Co., Mechel Steel Group Oao, Goldman Sachs Group, Apple Inc., 
and Potash Corporation of Saskatchewan Inc. 

A typical small-to-medium day trading firm invests the money of the 
owners of the firm in stocks and hires traders to make the firm's investments. 
Day traders make only intraday trades; they typically do not hold invento- 
ries of stocks beyond a single day. Rather, they enter and exit positions each 
day during normal trading hours of 9:30 AM and 4:00 PM (EST). Our day 
traders are "point-and-clickers." They make trades in real time 98% of the 
time (the 1.2% of the trades done algorithmically were omitted and did not 
affect the results). Though they sit in the same firm, day traders typically 
trade different stocks from each other and trade independently of each other. 
Trading different stocks diversifies the firm's holdings, exploits specialized 
trading knowledge, and avoids accidentally trading against each other's posi- 
tions. These dynamics mean that traders have little incentive to mimic each 
other's trades, information gathering behavior, or trading decisions. The 
firm was located in the US. 

Our sample of day traders under study was 30. This sample of 30 traders 
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was the full number of traders for which there was complete data on all de- 
cisions and behaviors measured over our observation period. By contrast, 
the other traders at the firm (n = 36) all worked for truncated interludes 
or worked erratically, which made their measurement unbalanced and unsys- 
tematic, and vulnerable to selection and small sample size biases (38). All 
traders at the firm were men of an average age of 35 years old and a range 
between 22 and 50 years of age. They used the same technology to trade, had 
access to the same public information sources, and were subject to an equiv- 
alent incentive scheme. Traders were paid a base salary plus commissions on 
trades. The firm did not share with us their commission formula. They did 
indicate that like typical firms, the commission was based on end of the day 
earnings over a range of time to remove as possible chance fluctuations. 

At the time of observation, our sample of traders traded about half of 
the stocks available on these exchanges on average. It is likely that the 
specific company stocks that were not traded were ones that lent themselves 
to holding long-term positions rather than trading on intraday shifts in price. 
All trading related data was automatically captured by the firm's trading 
system, which is specially designed for accuracy in recording, and used by 
most other firms in the industry. This automated and electronic capture 
system works unobtrusively to avoid interference with trading. The capture 
system fulfills US Securities and Exchange Commission requirements that 
all trades be recorded and archived for up to 7 years. The net income data 
were calculated by the firm using standard industry metrics. In our study, 
we analyzed all the trades of all the stocks of all the traders in our sample. 
The study conforms to Institutional Review Board (IRB) criteria. There 
was no subject interaction, all data was 100% archival, and the firm and the 
subjects were anonymized. Legally, all data used in the study is owned by 
the company. All traders at the firm know the firm owns the data and that 
their communications and trading behavior is recorded by law. We received 
written permission from the firm to use these data for research purposes and 
publishing contingent on identifying characteristics of the firm and its traders 
remaining confidential and anonymous. 

3 Results 

(a) Short-term comparative returns 

To measure the extent to which traders' exploration and exploitation choices 
can be shaped by the foraging choices of their competitors, we introduced a 
novel measure that captures the difference between a trader's resource intake 
and competitors' expected intake over a short period of time — what we called 
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short-term comparative return — and tested whether foraging choices can be 
explained by traders trying to maximize their daily short-term comparative 
returns. 

The short-term comparative return associated with each transaction was 
calculated as the difference between actual traded prices decided on by each 
trader and the average prices in the market within a relevant time win- 
dow. Since the anticipation of and response to the actions of competitors 
can be manifested by acting before them or by waiting and acting after 
them (39~42), we followed theory and defined context limits according to 
the smallest time window (5 minutes) where it has been shown that individ- 
ual transactions can impact the returns of others in the market (37). For each 
trader % and each of his transactions j on day t, we defined the short-term 
comparative return as Zijt = (7)(7ijt — (T* t ))/<7r* , where T^t is the traded 
price and (T* t ) and ax* t are the average and standard deviation of stock s's 
price on day t within a five- minute interval, and 7 = 1 (7 = —1) for selling 
(buying) transactions (Fig. 1). The stock's average price (T* t ) and standard 
deviation <jt* are a mirror of the foraging choices of competitors, since prices 
move according to the stock's consumption or demand (28, 31). These price 
statistics are computed using the WRDS database (43), which has all the 
recorded transactions made around the world for each stock. Thus % t > 
and z^t < always indicate, respectively, a positive and negative short-term 
comparative return relative to the actions of competitors at that time. 

To test how well the time window captures the changing foraging choices 
and depletion of resources over a period of time, we calculated lagged and 
leading short-term comparative returns %t(A) using the stock's average price 
(T* t (A)) and standard deviation ar* t (A) within five- minute intervals 5 min- 
utes before A~ and respectively 5 minutes after A + the observed five- minute 
interval of each transaction. Again, we used the WRDS database (43) to 
calculate these values. If the distribution of lagged short-term comparative 
returns is similar to the actual distribution of short-term comparative returns 
then it would suggest that the prices within the actual time window are, in 
fact, representative of the actions of others over a recent short period of time 
and not simply artifacts of the five-minute interval. Using Wilcoxon signed 
rank test for testing paired and non-normally distributed distributions, we 
found that in 28 out of 30 traders the actual and lagged short-term com- 
parative returns were significantly similar (Table 1), which confirms that the 
actual time window is a reasonable context to use. Additionally, we repeated 
the same analysis but with lags (A~,A + ) greater than 1 hour and found in 
all traders the actual and lagged returns were significantly different (Table 
1), meaning that these prices are representative of the actions of others only 
in the short-term. 
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To know whether traders' short-term comparative returns are associated 
with their foraging choices, we divided the total number N it of transactions 
j of each trader % in day t according to their exploration index b^t, or trad- 
ing patch, and their exploitation index g^, or position within the patch. 
Figure 1 presents an illustrative example of how we divided the number of 
transactions. This example shows that a trader % in a day t had a total of 
14 transactions (green bars) allocated in 4 different patches (gray regions). 
Regarding the exploration index, the first two transactions were character- 
ized by bij t = 1 for j = {1,2}, the next 4 transactions by b^t = 2 for 
j = {3, 4, 5, 6}, the next 6 transactions by b^t = 3 for j = {7, 8, 9, 10, 11, 12}, 
and the last 2 transactions by b ijt = 4 for j = {13, 14}. Additionally, these 
transactions were characterized by their exploitation indices q iU = 1, q^t = 2, 
1m = 1, Qm — 2, qist = 3, qm = 4, q^ t = 1, qm = 2, q^ t = 3, quot = 4, 
quit = 5, qint = 6, qn3t = 1 and qm t = 2. Note that each time the trader 
visits a new patch, the exploitation index is reset to 1. 

For each trader, we modeled short-term comparative returns as a function 
of the importance of exploration f3i and exploitation /3 2 using a multivariate 
regression model that takes the form Zij t = /?o + Pibijt + ^Qijt + e - Table 
1 indicates that both exploration and exploitation are negatively associated 
with short-term comparative returns. In line with optimal foraging theory, 
these results reveal diminishing payoffs per resource, i.e., daily comparative 
returns R it = Y^j=y zt z ijt can decrease in proportion of the number of stocks 
exploited or explored. 

To illustrate this point, we used (3\ = —0.002 and /3 2 = —0.02 of one 
single trader, and assuming that in one particular day that trader made 65 
transactions exploring 65 different patches, the trader would have Ru = 
J2jzT Zijt = —5.59, where % t are the predicted short-term comparative 
returns from the regression model without considering /3 , i.e., this decline 
is relative to the trader's average returns over the same transactions. In 
contrast, if the trader would have explored one single patch, the total returns 
would have changed to R it = —43.03. If one multiplies R it by say the average 
difference between traded price and average price in the market ($0.13) times 
the average volume of stocks per transaction (300) in our data, Ru translates 
into a relative loss compared to the trader's average performance over the 
same transactions of $ — 218.01 and $—1678.17, respectively. Note that 
this negative return is a relative measure of performance and should not be 
interpreted as the actual payoff. Instead, it reflects the possibility of different 
expected outcomes (44)- 

This resulting relative loss indicates that when foraging is compounded 
over many choices of exploitation and exploration, different activity patterns 
can impact the daily short-term comparative returns of traders. Similarly, 
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the relative loss can also be examined by quantifying the decline in R it gen- 
erated by exploitation and exploration patterns separately when considering 
a constant number of transactions per patch Qu. Figure 3 shows that when 
considering exploration only, the lower the value of Qu the higher the decline 
of Ru (dashed line); and the opposite behavior is observed when consid- 
ering exploitation only (solid line). Importantly, the relationship between 
exploitation and exploration patterns reveals that an optimal pattern for 
jointly maximizing traders' Ru exists, i.e. the intersection between the two 
curves. 

(b) Optimal short-term comparative returns 

To test whether traders' foraging choices respond to maximize their daily 
short-term comparative returns, we measured the extent to which the ob- 
served number of transactions per patch Q it agreed with the optimal trans- 
actions per patch Q* t . To find Q* t , we used the equality of returns from the 
exploration and exploitation curves to describe the intersection point of the 
curves in order to then estimate the expected optimal number of transac- 
tions. Mathematically, we calculated the value that maximizes Ru given by 

( 9 ?)(Qu + ±)( i W i ) = (Sl^ + ^Wi)- where ( N u) is the mean num- 
ber of total transaction of trader i, and fii and f3 2 are, respectively, the impor- 
tance of exploration and exploitation taken from the multivariate regression 
model for each trader separately (Table 1). Thus, the expected optimal num- 
ber of transaction per patch is the positive root of (Q* t ) 2 + Q* t (l — 1^) — ■ 
Interestingly, we found that exploration and exploitation choices can, 
in fact, be explained by traders trying to maximize their daily short-term 
comparative returns. We measured the deviation between the optimal Q*j 
and the distribution of actual values of Qij using the normalized model error 
(NME) for each individual case (45). Here, the NME was computed as the 
difference between Q*j and the observed median value of divided by 
the difference between the observed median value and the observed value 
of at the 2.5% or 97.5% quantiles, depending on whether the optimal 
value is lower or larger than the observed median value. The NME makes no 
particular assumption about the distribution of observed values. NME values 
between (—1, 1) can be taken where the optimal value is significantly 

similar to the observed values (45). We found only 3 cases with NME values 
greater than 1 (Fig. 4). Importantly, this number of cases falls within the 
number of rejections [0,4] that one would expect with 95% confidence from 
a Binomial model 5(30,0.05) (46). Thus, one cannot reject the hypothesis 
that this model is a good approximation to the observed exploration and 
exploitation choices of traders. Broadly, our findings reveal that traders' 
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choices can be explained by foraging heuristics that maximize their daily 
short-term comparative returns. 

Finally, to test whether traders' choices are associated with their net 
income intake, we introduced two additional return metrics. The first metric, 
which we called actual relative return A it , provides information about the 
amount of money made by traders relative to the expected amount made by 
competitors. It is calculated similar to the short-term comparative returns 
measure except that it does not take into account the standard deviation; and 
instead, it multiplies returns by the number of stocks sold or bought. The 
second metric, which we called net income intake, In, is simply the amount 
made by traders; it is does not compare it with competitors. Figure 5A 
shows a significant and positive association between short-term comparative 
returns and actual relative returns, confirming that traders' choices respond 
to short-term competition with other traders. In contrast, Figure 5B shows 
no association between comparative returns and net income intake, revealing 
a significant deviation between traders' short-term returns and their absolute 
returns. This suggest that traders' potential focus on short-term competition 
may come at the cost of missing net income optimizing opportunities. 

4 Discussion 

Optimal foraging theory has proven useful for understanding how the fitness 
and survivability of animals depends on the trade-off between effort expended 
and absolute resources gained. It has further been shown that human and 
nonhuman animals rarely make the core foraging trade-off independently: 
their foraging choices are influenced by the choices their competitors make. 
Nonetheless, the study of the relationship between optimal and real foraging 
choices remains nascent. Here we investigated whether the exploration and 
exploitation choices of day traders can be explained by short-term exploita- 
tive competition. Traders' foraging choices may be more abstract, stochastic, 
and rapid than foraging choices in physical environments, yet the same mech- 
anisms may underpin the allocation of vast financial and material resources 
under competition (32,47-50). 

Our study analyzed the investing choices made by a cohort of 30 day 
traders at one firm. By analogy to foraging in the physical world, these 
traders sought to find the most beneficial compromise between the costs and 
benefits of continued foraging within a patch (i.e., consecutively buying and 
selling of the same stock) or switching to forage in a new patch (i.e., trading 
a different stock), where the returns to trading are affected by the forag- 
ing choices made by competitors. We measured traders' short-term com- 
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parative returns as the marginal difference between their actual returns to 
trading a stock and the mean returns possible based on the competitors' for- 
aging choices in the market within a relevant period of time. We found that 
traders' short-term comparative returns are subject to an important trade- 
off between exploration and exploitation. We could not reject the hypothesis 
that traders' exploration and exploitation choices can be explained by traders 
following short-term choices that focus on maximizing their daily short-term 
comparative returns. While a complete determination of the drivers of these 
choices is beyond our analysis, one possible account for the observed behavior 
is that traders first visit the patch in which they do best, then next best, and 
so on. Thus, traders may choose patches that descend in worth, assuring at 
least early success, while limiting exposure to unpredictable shifts in compe- 
tition in a patch that might create losses for the trader (44)- Such trading 
choices, however, may be different under new algorithmic trading where price 
transactions are previously fixed (37). 

Foraging animals appear to optimally decide what patch of resources will 
offer the best returns to their efforts and how long to stay in a patch before 
moving onto the next best patch. Remarkably, our findings revealed that 
stock traders' trading choices can be explained by similar foraging heuris- 
tics that respond to short-term competition with other traders. However, 
there were important differences too. We found no one-best relationship 
between different trading choices and net income intake, suggesting that 
traders' choices can be short-term win oriented and, paradoxically, maybe 
maladaptive for absolute market returns (51, 52). This implies that traders' 
net income intake might be more strongly associated to global outcomes, so- 
cial contagion, or sporadic big losses and wins (28, 29, 32). While the same 
problem is not true of animal foraging since the resources gained from each 
patch are also the net payoffs, it would be interesting to investigate whether 
maladaptive foraging behavior can arise under rapid changing environments. 
In financial settings, it remains to see the extent to which this deviation be- 
tween short-term choices and net income intake can influence the instability 
of markets. 



Acknowledgements 

We thank Alex Bentley, Esteban Freidin, Cristian Huepe, Rudolf Rohr, and 
Michael Schnabel for useful comments on a previous draft. Funding was 
provided by the Kellogg School of Management, Northwestern University, 
the Northwestern University Institute on Complex Systems (NICO), and 
the Army Research Laboratory under Cooperative Agreement W911NF-09- 



9 



2-0053. NSF VOSS grant (OCI-0838564). SS also thanks CONACYT. 



References 

1. Green, R. F. 1984 Stopping rules for optimal foragers. American Natu- 
ralist 123, 30-43. 

2. Cooper, W. E. & Frederick, W. G. 2007 Optimal time to emerge from 
refuge. Biological J. of the Linnean Society 91, 375-382. 

3. Cooper, W. E. & Wilson, D. S. 2007 Sex and social costs of escaping 
in the striped plateau lizard Sceloporus virgatus. Behavioral Ecology 18, 
764-768. 

4. MacArthur, R. H. & Pianka, E. R. 1966 On the optimal use of a patchy 
environment. American Naturalist 100, 603-609. 

5. Emlen, J. M. 1966 The role of time and energy in food preference. Amer- 
ican Naturalist 100, 611-617. 

6. Stephens, D. W. & Krebs, J. R. 1986 Foraging Theory. (Princeton: 
Princeton University Press). 

7. Pyke, G. H. 1984 Optimal foraging theory: A critical review. Ann. Rev. 
Ecol. Syst. 15, 523-575. 

8. McDiarmid, C. F. & Rilling, M. E. 1965 Reinforcement delay and rein- 
forcement rate as determinants of schedule preference. Psychon. Sci. 2, 
195-196. 

9. Bateson, M., Healy, S. D. & Hurly, T. A. 2003 Context-dependent for- 
aging decisions in rufous hummingbirds. Proc. R. Soc. Lond. B 270, 
1271-1276. 

10. Stephens, D. W., Kerr, B. & Fernandez- Juricic, E. 2004 Impulsiveness 
without discounting: the ecological rationality hypothesis. Proc. R. Soc. 
Lond. B 271, 2459-2465. 

11. Houston, A. L, McNamara, J. M. & Steer, M. D. 2007 Violations of 
transitivity under fitness maximization. Biol. Lett. 3, 365-367. 

12. Pompilio, L. & Kacelik, A. 2010 Context-dependent utility overrides ab- 
solute memory as a determinant of choice. Proc. Nat. Acad. Sci. of USA 
107, 508-512. 



10 



13. Freidin, E. & Kacelnik, A. 2011 Rational choice, context dependence, and 
the value of information in European starlings. Science 334, 1000-1002. 

14. Simon, H. A. 1956 Rational choice and the structure of the environment. 
Psychological Review 63, 129-138. 

15. Kahneman, D. & Tversky, A. 1979 Prospect theory: An analysis of de- 
cision under risk. Econometrica 47, 263-291. 

16. Novemsky, N. & Kahneman, D. 2005 The boundaries of loss aversion. 
Journal of Marketing Research 42, 119-128. 

17. Thaler, R. H. 1985 Mental accounting and consumer choice. Marketing 
Science 4, 199-214. 

18. Haigh, M. S. & List. J. A. 2005 Do Professional Traders Exhibit Myopic 
Loss Aversion? An Experimental Analysis. The Journal of Finance 60, 
523-534. 

19. Park, T. 1954 Experimental studies of interspecific competition. II. Tem- 
perature, humidity and competition in two species of Tribolium. Physiol 
Zool 27, 177-238. 

20. Park, T. 1962 Beetles, competition, and poplations. Science 138, 1369- 
1375. 

21. Grover, J. P. 1997 Resource competition. (London: Chapman and Hall). 

22. Vahl, W. K., et al. 2005 The mechanisms of interference competition: 
two experiments on foraging waders Behav. Ecol. 16, 845-855. 

23. Dall, S. R., Mcnamara, J. M. & Cuthill, I. C. 1999 Interruptions to 
foraging and learning in a changing environment. Anim. Behav. 57, 233- 
241. 

24. Le Lann, C, et al. 2008 Do past experience and competitive ability in- 
fluence foraging strategies of parasitoids under interspecific competition? 
Ecological Entomology 33, 691-700. 

25. Whitehouse, M. E. A. & Lubin, Y. 1999 Competitive foraging in the 
social spider Stegodyphus dumicola. Anim. Behav. 58, 677-688. 

26. Mitchell, W. A., et al. 1990 The effect of competition on foraging activity 
in desert rodents: Theory and experiments. Ecology 71, 844-854. 



11 



27. Holt, R. D. & Kotler, B. P. 1987 Short-term apparent competition Amer- 
ican Naturalist 130, 412-430. 

28. Kirman, A. 2011 Complex Economics: Individual and collective rational- 
ity. (New York: Routledge). 

29. Saavedra, S., Stouffer, D. B., Uzzi, B. & Bascompte, J. 2011 Strong 
contributors to network persistence are the most vulnerable to extinction. 
Nature 478, 233-235. 

30. Saavedra, S., Duch, J. & Uzzi, B. 2011 Tracking traders' understanding 
of the market using e-communication data. PLoS ONE 6, e26705. 

31. Haldane, A. G. & May, R. M. 2011 Systemic risk in banking ecosystems. 
Nature 469, 351-355. 

32. Saavedra, S., Hagerty, K. & Uzzi, B. 2011 Synchronicity, instant mes- 
saging, and performance among financial traders. Proc. Natl. Acad. Sci. 
USA. 108, 5296-5301. 

33. Hamilton, R. Vohs, K. D., Sellier, A. L. & Meyvis, T. 2011 Being two 
minds: Switching mindsets exhausts self-regulatory resources. Organiza- 
tional Behavior and Human Decision Processes 115, 13-24. 

34. Danziger, S., Levav, J. & Avnaim-Pesso, L. 2011 Extraneous factors in 
judicial decisions. Proc. Natl. Acad. Sci. USA. 108, 6889-6892. 

35. Monsell, S., Sumner, P. & Waters, H. 2003 Task-set reconfiguration with 
predictable and unpredictable task switches. Memory & Cognition 31, 
327-342. 

36. Minear, M. & Shah, P. 2008 Training and transfers effects in task switch- 
ing. Memory & Cognition 36, 1470-1483. 

37. Moro, E., Vicente, J., Moyano, L. G., Gerig, A., Farmer, J. D. Vaglica, 
G., Lillo, F. & Mantegna, R. N. 2009 Market Impact and Trading Profile 
of Hidden Orders in Stock Markets. Phys. Rev. E 80, e066102. 

38. Gardner, R. 1998 Unobservable individual effects in unbalanced panel 
data. Economics Letters 58, 39-42. 

39. Carmerer, C. 2003 Behavioral game theory: Experiments in strategic in- 
teraction. (Princeton, NJ: Princeton Univ. Press). 

40. Sutton, R. S. & Barto, A. G. 1998 Reinforcement learning: An introduc- 
tion. (Cambridge, Ma: MIT Press). 



12 



41. Zhu, L., Mathewson, K. E. & Hsu, M. 2012 Dissociable neural repre- 
sentations of reinforcement and belief prediction errors underlie strategic 
learning. Proc. Natl. Acad. Sci. USA. 109, 1419-1424. 

42. Kuhnen, C. M. & Knutson, B. 2005 The neural basis of financial risk 
taking. Neuron 47, 763-770. 

43. WRDS, https://wrds-web.wharton.upenn.edu/wrds/. 

44. Rode, C, Cosmides, L., Hell, W. & Tooby, J. 19999 When and why 
do people avoid unknown probabilities in decision under uncertainty? 
Testing some predictions from optimal foraging theory Cognition 72, 
269-304. 

45. Pires, M. M., Prado, P. I. & Guimares Jr., P. R. 2011 Do Food Web 
Models Reproduce the Structure of Mutualistic Networks? Plos ONE 6, 
e27280. 

46. Malmgren, R. D., Stouffer, D. B., Campanharo, A. S. L. O. & Amaral, L. 
A. N. 2009 On Universality in Human Correspondence Activity. Science 
325, 1696-1700. 

47. Coates, J. M., Gurnell, M. & Rustichinid, A. 2009 Second-to-fourth digit 
ratio predicts success among high-frequency financial traders. Proc. Natl. 
Acad. Sci. USA. 106, 623-628. 

48. Hill, T. P. 2009 Knowing when to stop. American Scientist 97, 126-133. 

49. Payne, S. J., Duggan, G. B. & Neth, H. 2007 Discretionary Task In- 
terleaving: Heuristics for Time Allocation in Cognitive Foraging. J. of 
Experimental Psychology: General 136, 370-388. 

50. McDermott, R., Fowler, J. H. & Smirnov, O. 2008 On the Evolutionary 
Origin of Prospect Theory Preferences. J. of Politics 70, 335-350. 

51. Barber, B. M. & Odean, T. 2000 Trading is hazardous to your wealth: 
the common stock performance of individual investors. J. of Finance 5, 
773-806. 

52. Barber, B. M. & Odean, T. 2002 Online Investors: So the Slow Die First? 
Review of Financial Studies 15, 455-487. 



13 



Trader 


n 


(JV lt ) 


z 




B 


Bi 




B 2 


Prel 


Pabs 


1 


3420 


32.3 


0.45 


-10.724 


-0.144(-0.0681)** 


-0.002 


0.0006)* 


-0.021(0.0029)* 


0.74*** 


0.141 


2 


5049 


59.9 


1.16 


-9.659 


-0.095(0.0069)* 


-0.002 


0.0005)** 


-0.017(0.0016)* 


0.711*** 


-0.029 


3 


10112 


37.0 


-0.46 


6.032 


-0.158(0.0231)*** 


-0.001 


0.0013) 


-0.002(0.0002)* 


0.527*** 


0.062 


4 


3324 


37.3 


-0.42 


-7.001 


-0.085(0.0424)** 


-0.002 


0.0002)* 


-0.023(0.0045)** 


0.597*** 


-0.101 


5 


27278 


87.0 


— 1.99 


10.23 


0.05(0.0206)** 


—0.003 


0.0004)*** 


—0.011(0.0022)*** 


0.44*** 


-0.007 


6 


36869 


105.2 


0.76 


8.007 


0.254(0.0305)*** 


-0.001 


0.0004)*** 


-0.008(0.0031)*** 


0.59*** 


0.1 


7 


32345 


107.1 


0.99 


14.146 


-0.28(0.0061)*** 


-0.001 


0.0001)*** 


-0.009(0.0004)** 


0.505*** 


0.042 


8 


31290 


95.2 


0.83 


-6.345 


0.018(0.0101)* 


-0.005 


0.0001)** 


-0.002(0.0129) 


0.322*** 


0.279*** 


9 


7359 


81.3 


0.23 


-12.343 


-0.301(0.0571)*** 


-0.001 


0.0002)* 


-0.012(0.0019)* 


0.551*** 


-0.055 


10 


5671 


46.8 


-1.35 


13.234 


0.208(0.0379)*** 


-0.002 


0.0005)*** 


-0.25(0.0081)*** 


0.161** 


-0.008 


11 


3752 


36.2 


0.38 


-9.811 


0.482(0.0316)*** 


-0.003 


0.0008)* 


-0.004(0.0011)* 


0.567*** 


-0.042 


12 


7478 


74.2 


0.68 


5.046 


-0.281(0.0281)*** 


-0.001 


0.0004)*** 


-0.004(0.0012)** 


0.524*** 


0.091 


13 


18835 


60.9 


0.12 


-14.345 


-0.171(0.016)*** 


-0.003 


0.0009)*** 


-0.022(0.001)* 


0.418*** 


-0.064 


14 


9690 


64.2 


-2.21 


-8.549 


-0.21(0.0214)*** 


-0.005 


0.0005)** 


-0.003(0.0018)* 


0.414*** 


0.044 


15 


8845 


56.1 


-0.44 


-3.408 


-0.115(0.0205)*** 


-0.002 


0.0006)*** 


-0.018(0.0026)*** 


0.49*** 


-0.023 


16 


22289 


95.5 


-1.79 


-8.786 


0.49(0.034)*** 


-0.013 


0.0032)*** 


-0.098(0.0004)*** 


0.318*** 


-0.371*** 


17 


19712 


66.1 


-0.79 


-9.125 


0.038(0.0026)* 


-0.004 


0.0019)** 


-0.007(0.0014)*** 


0.669*** 


-0.288*** 


18 


4938 


47.8 


1.11 


13.419 


-0.222(0.0282)*** 


-0.002 


0.0008)*** 


-0.019(0.004)*** 


0.748*** 


0.002 


19 


20661 


66.3 


-1.87 


14.218 


0.006(0.021) 


-0.002 


0.0006)*** 


-0.076(0.0055)*** 


0.233*** 


0.141 


20 


2923 


38.1 


-1.52 


-4.528 


-0.243(0.1078)** 


-0.003 


0.0019)* 


-0.006(0.0028)* 


0.456*** 


0.012 


21 


11714 


44.2 


2.99 


-9.342 


-0.237(0.0177)** 


-0.005 


0.0008)* 


-0.04(0.019)* 


0.078 


-0.087 


22 


6123 


51.3 


-0.66 


-6.695 


-0.209(0.0285)*** 


-0.001 


0.0006)* 


-0.023(0.0061)** 


0.655*** 


-0.072 


23 


10924 


30.8 


-0.80 


11.989 


0.032(0.0137)* 


-0.003 


0.0013)** 


-0.015(0.0059)** 


0.465*** 


-0.544*** 


24 


2432 


9.3 


1.42 


-8.487 


0.377(0.0885)** 


-0.001 


0.0003)** 


-0.034(0.013)*** 


0.713*** 


-0.101 


25 


3987 


40.2 


-1.42 


4.476 


0.165(0.0421)*** 


-0.009 


0.0022)** 


-0.077(0.011)*** 


0.553*** 


0.002 


26 


3014 


83.2 


0.12 


-7.729 


0.395(0.0378)*** 


-0.001 


0.0004)*** 


-0.023(0.0025)*** 


0.921*** 


0.566 


27 


5125 


22.3 


-1.63 


-4.325 


-0.046(0.0081)* 


-0.003 


0.0005)* 


-0.026(0.0111)* 


0.942*** 


-0.311 


28 


3947 


44.6 


1.38 


9.987 


0.001(0.0953) 


-0.002 


0.0009)* 


-0.011(0.0062)* 


0.598*** 


-0.056 


29 


4921 


55.8 


1.45 


8.696 


0.152(0.0811)** 


-0.002 


0.0007)* 


-0.012(0.0045)* 


0.176* 


0.252** 


30 


2848 


72.1 


-1.34 


3.198 


0.633(0.0688)*** 


-0.015 


0.0067)* 


-0.045(0.0032)* 


0.944** 


-0.771*** 



Table 1: Traders' detailed information. For each trader, the table shows the 
total number transactions made n and the mean number of daily transactions 
(N it ) over the observation period. The Wilcoxon signed rank tests z 5rnin 
and z\hr for lags of 5 mins and lhr respectively. Note that values of z > 
|2| are considered statistically significant. The coefficients B , B\ and B 2 
taken from the multivariate regression model that takes the form = A) + 
Pibijt + ^2Qijt + e - (') corresponds to standard errors. The correlation values 
p re i and p a bs correspond, respectively, to the association of daily short-term 
comparative returns Ru with actual relative returns An and net income intake 
In (see text). *, ** and *** correspond, respectively, to statistical significance 
levels of 10, 5 and 1 percent. Calculations are performed with software Stata. 
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Figure 1: Foraging choices. The figure shows an illustrative example of a 
trading activity from a single trader. Gray boxes correspond to the different 
trading patches (Roman numerals) of sequential transactions of the same 
stock. Note that patches are separated when two consecutive transactions 
belong to a different stock. Arabic numerals represent the exploitation index 
of each transaction within its trading patch. The upper gray region is a 
zoom to transaction 3 within trading patch II. This transaction took place 
at 12:37:23 hrs, where the trader bought GOOG stock at 317.05 USD. The 
stock's market price during the 5- minute window between 12:35 hrs and 12:40 
hrs was (316.14) ±0.105(s.d.). Therefore, the short-term comparative return 
(see text) of this transaction can be calculated as z^t = (— 1) 317,0 5 ~ 3 5 16,14 = 
—10.38. This suggests that this was a negative short-term comparative return 
for that time and choice in specific. 
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Figure 2: Individual trading activity. A and B show the cumulative distribu- 
tion of the number of total transactions and number of patches visited each 
day by each trader. In our data, most of the traders typically (> 90% of the 
time) made more than 10 transactions and made more than 3 switches per 
day. 
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Figure 3: Importance of foraging choices over daily short-term returns. The 
figure shows an illustrative example of the relationship between daily or daily 
short-term comparative returns Ru and different exploration and exploitation 
choices as given by a constant number of transactions per patch Qu. In the 
example, we considered a trader with N it = 65, (3i = 0.002 and /3 2 = 0.02. 
Ru = ^jZT %*' wnere %t are t ne predicted short-term comparative returns 
from the regression model (see text). When considering exploration only, 
the lower the value of Qu the higher the decline of Ru (dashed line); and 
the opposite behavior is observed when considering exploitation only (solid 
line). Importantly, this reveals that an optimal pattern for jointly maximizing 
traders' R it exists, i.e. the intersection between the two curves. 
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Figure 4: Optimal vs. real foraging choices. For each trader, the figure 
shows the normalized model errors (NME) between the optimal number of 
transactions per patch Q*j and the distribution of actual values of Qij. Here, 
the NME was computed as the difference between Q*- and the observed 
median value of Qij divided by the difference between the observed median 
value and the observed value of Qij at the 2.5% or 97.5% quantiles, depending 
on whether the optimal value is lower or larger than the observed median 
value. The NME makes no particular assumption about the distribution of 
observed values. NME values between (—1, 1) can be taken where 
the optimal value is significantly similar to the observed values {45). We 
found only 3 cases with NME values greater than 1 (Fig. 4). Importantly, 
this number of cases falls within the number of rejections [0, 4] that one would 
expect with 95% confidence from a Binomial model 5(30,0.05) {46). Thus, 
one cannot reject the hypothesis that this model is a good approximation to 
the observed exploration and exploitation choices of traders. 
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Figure 5: Association of daily short-term comparative returns with actual 
relative returns and net income intake. For illustrative purposes, A shows 
the positive and significant association between daily short-term compara- 
tive returns and actual relative returns for one single trader and B shows the 
association between daily short-term comparative returns and net income 
intake for the same trader. Correlation values for all traders are reported in 
Table 1. Daily short-term comparative returns are given by Ru = %t z %jt- 
Actual relative returns A it are calculated similar to the short-term compara- 
tive returns measure except that they do not take into account the standard 
deviation; and instead they multiply returns by the number of stocks sold 
or bought. Net income intake, la, is simply the amount of money made by 
traders; it is does not compare it with competitors. Each symbol corresponds 
to one trading day. 
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